Artificial skin substitutes display similar physical, chemical and histological characteristics as real human skin. This property can be used for in vitro cosmetic product testing, drug discovery as well as toxicity screening in the fields of medicine, development of cosmetic and toxic products, health care and biomedical research. Specifically, to analyze and visualize toxic effects on tissue-engineered skin we have developed a prototypical microscopy-based scanning and analysis system in order to provide more efficient, standardized and reproducible measurements. Within this contribution we will briefly describe the image acquisition approach and focus on the localization, segmentation and classification of histologically stained skin samples, with focus on the epidermis. The results obtained from our system are compared to ground truth data.
Introduction
The skin is the largest organ of the human body. It provides the first line of defense against infections, physical damage and dehydration as well as thermoregulation. Tissueengineered human skin substitutes display similar physical, chemical and histological characteristics as real human skin. This property cannot only be used for skin transplantations (e.g. after extreme burns) but also for in vitro consumer product testing, drug discovery and toxicity screening in the fields of medicine, developments of consumer products, health care and research with the goal to reduce the suffering of animals. Histological examination of the affected skin is especially required when it comes to analyze toxic effects of different substances on tissue or potential malign tissue mutations. For these experiments the state of the art examination is currently performed manually in traditional histology on small micrometer-thick hematoxylin-eosin stained (HE-stained) tissue sections under a light-microscope. As a consequence of human interaction and assessment the whole examination process becomes very sophisticated, time consuming, subjective and barely reproducible. For digitalization, visualization and analysis of toxic effects on such a full-thickness human skin model skin an evaluation system has been developed. This prototypical microscope scanning and analysis system requires minimum interaction and provides more efficient, standardized and reproducible measurements. In the next section we will briefly describe the slide digitalization and registration method to acquire so-called virtual slides. Within this current contribution, we will focus on localization of samples in low resolution images as well as segmentation and analysis of the epidermis in highresolution images. Finally, we will present classification results compared to the ground truth provided by experts.
Methods

Materials
Within this work high-resolution images were acquired using a fully automated microscopy scanning system. This system consists of a microscope and a computer controlled motorized stage with eight slide slots. The image acquisition approach consists of two steps. In a first step, a low-resolution overview image is quickly obtained in order to localize and segment the specimens, cf. Image 1. The segmentation of specimens can either be done manually, interactively or completely automated. In the second step, high resolution imaging is performed on these presegmented regions, cf. Image 3. The slide collection for our evaluation contains 41 glass slides with three micrometer-thick tissue slices of artificial skin. Each slide holds eight HE-stained skin samples on average. Overall, 361 images of specimens could be extracted from all slides. The slides were divided into four groups, based on the toxic exposure of the skin specimens. The first group represents healthy (untreated) skin tissue, while the other three groups represent slides after 30, 60 and 90 seconds exposure to the toxic substance SDS 1 , respectively. The longer the exposure time, the more SDS damages the skin samples. Table 1 shows the distribution of the slides based on toxic substance exposure.
Description
Available Slides Untreated 14 30 sec. exposure 10 60 sec. exposure 8 90 sec. exposure 9 
Localization
Digitalization of a slide with several stained samples of artificial skin pieces is performed in multiple resolutions to obtain a so-called "virtual slide". Acquisition time and physical image data size for high resolution images has been optimized by acquiring the background in a low resolution and only the areas of interests with high resolution. The areas of interest are automatically localized on the low resolution slide using a first level segmentation presented in the following paragraph.
The samples on the slide appear slightly blue in comparison to the rest of the slide (Image 1). The visible pepper noise like artifacts is due to the preparation of the slide. Noise reduction is performed by applying Gaussian smoothing. Furthermore, the contrast enhancement of stained regions is obtained by subtracting the intensities of the blue channel from the green channel. The localization is then performed on the resulting image after Gaussian smoothing. As the histogram of the output image is bimodal, Otsu thresholding is applied to obtain a binary mask of dermal regions [1] . Morphological closing is used for hole filling and gap closing. After detection and location of the individual specimens on the slide, a high resolution scan is performed on these extracted regions.
High-resolution image acquisition
The segmentation results from the previous step are used as regions of interest for high resolution imaging of each preparation. The stage is automatically moved to the regions of interest and each region is scanned using a meandering scanning process. This process yields a mosaic of hundreds to thousands of images. However, despite careful calibration motorized stages have positioning errors that lead to alignment errors in the virtual slide. For registration of the acquired images, the approach as described by Steckhan et al in [2] has been chosen. This approach consists of a two-step procedure. In a first step all transformations between neighboring images are determined. The effects of accumulating errors and erroneously determined transformations are then in a second step minimized by applying a global error minimization scheme.
Epidermis Segmentation
A semi-automated epidermis segmentation method has been developed. Image 2 shows a typical high-resolution image of artificially grown skin with two manually set seed points. The seeds are used to define relevant dermal regions and remove unnecessary regions. For further segmentation it is necessary to remove imaging artifacts such as noise, fingerprints and remaining substances. Typically, such artifacts appear with similar RGB values in each color channel (gray values). We applied a so-called gray out-filtering to remove pixels with such characteristics. The epidermis and dermis regions are preserved and depict two clearly defined clusters. Furthermore, a weighted gray scale transformation is applied to reduce both, computation time as well as physical memory space for further calculation steps. The weight distribution is as follows: the blue channel is weighted with 0.7, while the green and red channels are weighted with 0.15. This gray scale conversion accentuates the dominantly violet HE stain. As a final pre-processing step a Perona-Malik anisotropic diffusion filter is applied for noise reduction. The choice of a diffusion filter is established by its property: homogeneous regions are smoothed, while edges are preserved [3] . Image 3 depicts the results of these preprocessing steps.
For the segmentation we apply a well know segmentation technique, namely Fuzzy C-Means clustering [4] . The number of clusters is set to three and represents the epidermis, dermis and background. The choice of Fuzzy Cmean is established by its good and reproducible results
Image 1:
Low resolution microscopic image of a slide with six different specimens of artificial skin.
Image 2:
Initial image of a sample that has been exposed to 90 sec. of SDS. The two seed points used to define the regions of interest are marked. The epidermis and dermis regions appear dark violet and light violet, respectively.
Image 3:
High-resolution image after applying gray values out-filtering followed by a weighted gray scale conversion.
Image 4: Fuzzy C-Mean segmentation results. Black, gray and white image intensities represent the epidermis, dermis and background, respectively.
and its non-interactive approach. The fuzziness level has been set to 2.0 and epsilon to 0.1. The membership threshold is set to 0.5. The criterion function used for fuzzy Cmeans clustering is where x i denotes the i-th pixel, c i is the center of cluster j, u ij is the i-th membership value of the j-th input, and m is an exponent weighting factor (fuzziness).
As can be seen in Image 5, the Fuzzy C-Means segmentation provides disconnected epidermis regions as well as artifacts spread over the image. To overcome these shortcomings the outer sample boundary on the epidermis side is calculated and used as connection between separated epidermis parts. Further, morphological closing and hole filling algorithms are applied to fill gaps and holes, respectively. Regions which are not connected by outer epidermis boundary are removed, cf. Image 6. The epidermis thickness is measured by creating a skeleton. The maximum skeleton value multiplied by a factor 2.5 is used for distance transformation threshold created from the outer epidermis boundary, cf. Image 7. The goal of this step is to remove epidermis artifacts from the inner epidermis boundary.
In the final step we reverse the hole filling process and yield a segmented epidermis, as can be seen in Image 8.
Structural Analysis
The damage to the epidermis caused by toxic substances is marked by erosion of epidermal layer. Damaged parts become thinner and/or disconnected. Further characterization and parameter evaluation are based on the segmentation result. A variety of parameters is extracted from the epidermis outer boundary with its statistical minimum, maximum, mean and standard deviation. The following parameters have been used: 1) The number of pixels per image column (intersection with vertical axis) representing the inconsistency of epidermis layer typically caused by erosion of toxic substances.
2) The length of the boundary segment within a sliding circle with radius of 50 pixels along the boundary (Image 9). Usually the segments of healthy skin have almost the same length as the radius of the circle. 3) Intersection number of the boundary segment within the circle with its radius. 4) Histogram of parameter 2.
The number of skeleton "branches" produced from the epidermis segmentation mask near to the outer epidermis boundary. Each of these points corresponds to a possible hump in the epidermis layer caused by erosion (Image 10).
Results
The described method has been applied to 41 slides with on average eight stained skin preparations. The slides have been divided in four groups (cf. Image 10: Skeletonization.
Image 8: Segmentation result of the epidermis (green).
Image 7: Distance transformation started from the outer boundary with maximum value equal to 2.5 fold of the skeleton maximum.
Image 5: Epidermis regions connected by outer epidermis boundary, followed by morphological closing and hole filling.
Image 6: Regions disconnected from the outer boundary removed.
enough for classifying a slice. However, the combinations of these parameters allow for an accurate estimation of membership to a class. The clustering effect is illustrated on two exemplary chosen parameter combinations, namely the boundary length inside a circle over the number of intersections of the boundary with radius, and the length inside a circle over number of humps nearly to the outer epidermis boundary are shown in Image 11 and Image 12, respectively. The axis values for all parameters are calculated as follows:
, where Vc is current mean parameter value of a preparation under consideration, Vm is mean parameter value of all preparation and σ is parameter standard deviation of all preparations. The clustering effect is presented as well as an overlapping of all classes. A naive Bayes classifier has been trained and evaluated by 10-fold cross validation. The classification precision based on the computed epidermis thickness reaches 71% with respect to ground truth. These results correspond with results shown in Image 11 and 12.
Conclusion
In this contribution we described the image data acquisition as well as segmentation and classification of an artificial skin model under the influence of a toxic substance. The proposed method can clearly distinguish damaged from undamaged tissue. The misclassification of damaged groups can be traced to individual organic resistance to toxic substances. The classification rate can be improved by adding new geometrical properties as well as using more detailed high resolution imaging for using cell nucleus properties.
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